Valley fever (VF) is difficult to diagnose, partly because the symptoms of VF are confounded with those of other communityacquired pneumonias. Confirmatory diagnostics detect IgM and IgG antibodies against coccidioidal antigens via immunodiffusion (ID). The false-negative rate can be as high as 50% to 70%, with 5% of symptomatic patients never showing detectable antibody levels. In this study, we tested whether the immunosignature diagnostic can resolve VF false negatives. An immunosignature is the pattern of antibody binding to random-sequence peptides on a peptide microarray. A 10,000-peptide microarray was first used to determine whether valley fever patients can be distinguished from 3 other cohorts with similar infections. After determining the VF-specific peptides, a small 96-peptide diagnostic array was created and tested. The performances of the 10,000-peptide array and the 96-peptide diagnostic array were compared to that of the ID diagnostic standard. The 10,000-peptide microarray classified the VF samples from the other 3 infections with 98% accuracy. It also classified VF falsenegative patients with 100% sensitivity in a blinded test set versus 28% sensitivity for ID. The immunosignature microarray has potential for simultaneously distinguishing valley fever patients from those with other fungal or bacterial infections. The same 10,000-peptide array can diagnose VF false-negative patients with 100% sensitivity. The smaller 96-peptide diagnostic array was less specific for diagnosing false negatives. We conclude that the performance of the immunosignature diagnostic exceeds that of the existing standard, and the immunosignature can distinguish related infections and might be used in lieu of existing diagnostics.
C occidioidomycosis, commonly known as valley fever (VF), is caused by the fungi Coccidioides immitis (California strain) or
Coccidioides posadasii and is found in the arid soil of the southwestern desert regions of United States and South America. Human disease is caused by inhalation of the arthroconidia (spores) of the fungus and presents primarily with flu-like symptoms or, progressively, pneumonia. VF affects an estimated 150,000 (1) people in the United States every year, primarily in the states of Arizona (2), California (3), Nevada, New Mexico, and Utah. A major problem in the management of the disease is the failure to detect (sensitivity) 30% of the infected individuals. We have tested whether a new diagnostic technology, immunosignatures, can address this problem.
Sixty percent (4) of VF-exposed individuals are either asymptomatic or have mild symptoms, with the infection usually being self-limiting. The remaining 40% (5) of exposed individuals demonstrate symptoms, such as skin rashes and respiratory ailment, lasting from months to years. In 5 to 10% (4, 6) of these, infection disseminates, affecting other organs, the skin, bones, and nervous system. Individuals from non-Caucasian ethnicities (1), such as African Americans, Filipinos, and Asians, as well as those who are Ն65 years, pregnant women, and patients with immunocompromised immune systems, are more susceptible to VF, particularly the disseminated form of the disease. As per the Arizona Department of Health Services (ADHS), VF patients visit physicians three times on average before they are tested for VF, and more so if patients visiting AZ from regions nonendemic for the disease are diagnosed by physicians unacquainted with diseases of the American Southwest (7) . VF alone is known to account for $86 million in hospital charges in Arizona in the year 2007 (7) , but the burden is difficult to estimate outside AZ and CA.
The confirmatory diagnostic test for VF is an immunodiffusion (ID) assay, which detects antibodies against antigens within fungal coccidioidin causing complement fixation (CF) and tube precipitation (TP). Coccidioidin is a culture filtrate of the mycelial form of C. immitis, the heat-treated portion of which is used to detect IgM antibodies, and the untreated portion of which is used to detect IgG antibodies (8) . The sensitivity of IDCF is 77%, and the sensitivity of IDTP is between 75 and 91% (9) . An alternative is to culture the organism from body fluids or tissue, but a concern is infection risk for technicians (10) . Although culture is a preliminary diagnostic for pneumonia, the sensitivity of this approach for VF ranges from a low of 23% to a high of 100%, depending on clinical status (11) . The recovery rate of this pathogen through culture ranges from 0.4% from blood to 8.3% from respiratory tract specimens (12) . As noted, the most clinically pressing issue is the low sensitivities of these diagnostics as primary tests. We propose utilizing the immunosignature diagnostic technology (13) to address some or all of the limitations of current diagnostics for VF, particularly as a diagnosis for patients misclas-sified at the first test. The immunosignature technology utilizes a high-density array of non-life-space peptides to provide mimics of epitopes, even those that are discontinuous or nonproteins. We present data using microarrays of 10,000 unique random-sequence peptides. The peptides are 20 amino acids long, with 17 variable positions and a 3-residue linker at the attachment end. As opposed to single-antigen enzyme-linked immunosorbent assay (ELISA)-based methods, the disease-specific signature signal in an immunosignature comes from multiple peptides that form a distinct disease-specific pattern of antibody binding. Most antibodybased immunological tests examine the presence of new antibodies in infected individuals. An immunosignature can display both the presence of new antibodies relative to infection or chronic disease and any suppression of preexisting antibodies (measured as the loss of signal) that were commonly present in healthy controls. These signals may reflect memory responses to vaccinations and common pathogen exposures, but with standard immunologic tests, this loss would be difficult to detect. An immunosignature, unlike many genetic or immunological tests, is both sample sparing and robust to sample handling (14) . Because the sensitivity of an immunosignature is higher than that of ELISA-based serological tests (13, 15) , and discrimination across multiple diseases is possible, we asked whether the platform was suited to be used as a valley fever diagnostic method both for diagnosing VF and differentiating between other common respiratory infections. Current VF diagnostic methods may produce false-negative results, resulting in late recognition of the disease (16) (17) (18) , which adversely affects patient outcomes. We proposed a series of tests to determine whether an immunosignature assay performs better than existing VF diagnostics. We postulated that this assay would detect VF earlier, with a greater sensitivity and at a lower cost than conventional methods. The ability of immunosignatures to distinguish VF from 3 other infections was tested. The same array was used to test whether VF-negative patients could be correctly classified as having VF. The effect of rescaling the platform by reducing the total number of peptides from 10,000 to Ͻ100 diseasespecific ones was also evaluated.
MATERIALS AND METHODS
Serum samples used in this study. All patient serum samples used in this study are listed in Table 1 . Patient serology was determined by the tests shown in Table S1 in the supplemental material.
Confounding infection samples. In order to test whether different infections were discernible, patient samples representing 19 Aspergillus fumigatus, 19 Mycoplasma pneumoniae, and 19 Chlamydia pneumoniae isolates were processed alongside 18 VF and 31 healthy sera on the 10,000-peptide microarray. The A. fumigatus, M. pneumoniae, and C. pneumoniae samples were acquired from SeraCare Life Sciences (Milford, MD) and were tested by commercial ELISAs for the presence of antibodies to the respective infections by SeraCare (See Table S1 in the supplemental material). The valley fever samples were obtained from John Galgiani (University of Arizona, Tucson, AZ; institutional review board [IRB] no. FWA00004218), and the healthy controls were obtained locally (IRB no. 0905004024). The results are shown in Fig. 1 .
Valley fever and normal donor serum samples used in this study. A training cohort of 55 VF samples and a blinded test set of 67 samples were obtained as deidentified human patient sera from John Galgiani. The nondisease serum samples included 7 influenza vaccine (2006 to 2007) recipient samples prevaccine and postvaccine plus 41 locally obtained healthy donor samples. Immunosignatures were obtained on the 100-peptide diagnostic subarray. Following the submission of our classification results to John Galgiani, the test set was unblinded and revealed to contain 25 patients with two or more serum samples collected longitudinally per patient during subsequent clinic visits. For each patient in the test cohort, the initial sample had an IDCF titer of zero but seroconverted at a later date as the infection progressed. All samples were serologically characterized by John Galgiani's laboratory for IDCF and IDTP titers. Tables 2 and 3 describe the CF titer distribution for the patients in the training and test cohorts, respectively.
Blinded test patient sample set. The test sample set included 25 patients with two or more serum samples per individual, for a total of 67 samples. Twenty-four of these symptomatic patients had an IDCF titer of zero and were given a negative diagnosis for VF after their first clinic visit. All 24 patients returned to the clinic for a follow-up appointment between 7 and 27 days after the first visit; blood samples were drawn for the second time, at which point 12 were still seronegative by the IDCF test. Of the 12 IDCF-negative patients, only 6 returned for the third follow-up visit due to continued symptoms, and 6 others returned either for monitoring of increasing CF titers or retesting due to a positive IDTP result. The time interval for the third visit ranged between 4 and 159 days after the second visit. Four of these patient samples were drawn again between 96 and 147 days, at which time a verified IDCF titer was observed in 2 patients who were given a positive VF diagnosis. One symptomatic patient returned for a fifth visit and remained seronegative on both the IDCF and IDTP tests 113 days later, despite being symptomatic for valley fever and IDTP positive in the fourth visit.
Microarray production and processing. The 10,000-nonnatural sequence peptide immunosignature array and the 96-peptide VF diagnostic arrays were produced and processed as described in Legutki et al. (13, 19) . Briefly, the peptides were spotted onto standard slides using a noncontact Piezo printer. The average spot diameter was ϳ140 m; 10,000 peptides were printed in 2-up format, enabling 2 separate arrays per slide. The slides were exposed to sera diluted 500-fold in sample buffer for 1 h and were washed in sample buffer, and the primary antibodies were detected with a fluorescent anti-human secondary antibody. The 16-bit 10-m tagged image file format (TIFF) images from the Agilent C scanner were aligned using the GenePix 6.0 software (Axon Instruments, Union City, CA), and the data files were imported into GeneSpring 7.3.1 (Agilent, Santa Clara, CA) and R (20) for further analysis. Each training patient sample was processed in triplicate on the 10,000-peptide array. The 10,000-peptide array data were median normalized per chip and per fea- Statistical classification of disease groups. The statistical classification of disease groups was done using naive Bayes from the R klaR package (21) combined with the leave-one-out cross-validation (LOOCV) and hold-out algorithm as implemented in the R package DMwR (22) . Testing the classifier was done using a data-holdout experiment in which the training and test data sets were combined, and 70% of the randomly chosen data were used to train and predict the remaining 30% of the data set. This procedure was repeated 20 times to ensure every sample was predicted more than once by training on multiple combinations of other samples. The evaluation of immunosignaturing was compared to the IDCF test using sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and accuracy parameters.
Statistical classification of confounding infections. To assess whether the random peptide microarray could specifically distinguish multiple confounding infections, serum samples were processed on the 10,000 ran- dom-peptide microarray. The slides were printed in batches of 136 slides each over a period of 2 days. Six different slide print batches were mixed together and used to process these serum samples. ComBat normalization was applied to the median-normalized data to eliminate differences between the samples due to batch effects (23, 24) . A total of 243 random peptides capable of distinguishing between the five classes (VF, Aspergillus, Mycoplasma, Chlamydia, and normal) were selected using Fisher's exact association test, as implemented in GeneSpring GX 7.3.1. Since a physically separate training and test data set were missing for this analysis, the stringent holdout cross-validation as implemented in R package DMwR (22) was used on this data set to assess classification performance.
RESULTS
Valley fever immunosignature is distinct from those of other infections. Our initial question was whether VF infection would produce an immunosignature that was distinguishable from those of other infections. The concern was that a general inflammatory response to infection may dominate the signature. To test this, we used serum samples from individuals infected with A. fumigatus, M. pneumoniae, and C. pneumoniae. Figure 1 and Table 4 show the results from an experiment in which the disease cohorts were classified and cross-validated using a 70% train/30% hold-out method, described in Materials and Methods. Figure 1 shows the relative intensities of 243 peptides found by Fisher's exact test, with the grouping of the individual cohorts shown on the x axis, and with hierarchical clustering applied to the peptides and the persons with Pearson's correlation used as the similarity measure. Each disease cohort groups together in the heat map. A quantitative assessment of the classification using the naive Bayes algorithm is presented in Table 4 . The accuracy of simultaneous classification was 97% for Aspergillus and Mycoplasma and 98% for Chlamydia and VF. These results support the conclusion that a VF-specific signature can be distinguished from those of other potentially confounding infections. Valley fever immunosignature is distinct from that of uninfected individuals. We then examined the immunosignatures of 45 VF clinical samples, shown in Table 2 , on the 10,000-peptide microarray and identified 1,586 peptides from a 1-way analysis of variance (ANOVA) (5% family-wise error rate [FWER] correction), with a threshold of a P value of Ͻ1 ϫ 10 Ϫ14 indicating significance between the 45 VF training samples and 34 nondisease controls and 7 influenza vaccine recipients both prevaccine and 21 days postvaccine. The influenza virus signature was included to exclude a common potentially confounding signal. This signature is presented as a heat map in Fig. 2 . Note that the differences between the non-VF and VF samples include reactivity that is higher in disease, as expected, but also signals that are lower in disease. Seventy percent of the samples were used to define a signature, and the remaining 30% were tested using the classifier. Repeating this 20 times yielded a perfect separation of infected from noninfected samples each time.
Creating a 96-peptide VF diagnostic microarray. Under some circumstances, it may be useful to use the 10,000-peptide array as a discovery platform for informative peptides and then create a smaller diagnostic array from a subset of those peptides. To test this idea, we selected 96 peptides from the 1,586-peptide signature described above using pattern-matching algorithms within GeneSpring GX. We selected 96 peptides, as this number is easily handled on standard microtiter plates. Forty-eight peptides were chosen based on the criteria of capturing consistently high antibody signal across the VF samples and low antibody signal in the influenza vaccine samples. The other 48 were chosen based on the criteria of having a consistently low antibody signal in the VF samples but a high signal in the influenza vaccine samples. The log 10 median-normalized signals for each of the 96 peptides are depicted in Fig. 3 in a line plot across patients whose signals were averaged by their CF titer. To test the robustness of these signature peptides, we performed a permuted t test by randomly reassigning the patient identifiers to the samples. The best P value obtainable after confusing the patient identifiers was Ͻ2.8 ϫ 10 Ϫ3 , 9 orders of magnitude larger than when patient data were correctly labeled. It is therefore unlikely that the selected peptides were obtained by random chance. Figure 4 shows a heat map representation of these same 96 peptides, averaged per CF titer or influenza vaccine status. Hierarchical clustering was used to cluster the patient groups and peptides, with the colors within the cells representing high (red) to low (blue) intensities. Table 5 lists the performance of pairwise comparisons using 70% training/30% test averaged over 20 reiterations. The best performance was in distinguishing VF infection from noninfection (100% sensitivity, 97% specificity), and the worst was for VF infection versus influenza vaccines (100% sensitivity, 82% specificity). Based on this performance in the context of the 10,000-peptide array, these 96 predictor peptides were resynthesized (Sigma-Genosys, St. Louis, MO) and printed on a smaller array to test the performance of the VF focused array.
Performance of a 96-peptide VF diagnostic microarray. The performance of the VF diagnostic subarray was tested using a smaller set of training and non-VF control samples. Upon verification, the complete training and blinded test samples (67 blinded samples and 13 non-VF controls) were processed on the VF diagnostic 96-peptide subarray under similar conditions as those for the 10,000-peptide array. Table 6 shows the resulting classification performance. Of note is the performance against the samples with a CF titer of 0. While the VF diagnostic peptide set clearly had higher sensitivity than that of the ID assay, there was a substantial drop in the specificity compared to that of the ID assay and the performance on the 10,000-peptide array. Because there was a measurable difference in the performances of the different microarrays, we examined the detection limits for each peptide in the context of the actual fold change values between the healthy and VF patients. Figure 5 is a graph combining actual fold change values for every peptide plotted against the detection limit and the P value obtained from a t test between the VF versus normal cohorts. The smaller the delta, the more sensitive the peptide was to a signal and, consequently, the smaller the fold change needed to exceed this limit. Of note are Fig. 5B and C, which compare the performance differences between 96 VF diagnostic peptides within the context of the 10,000-peptide arrays and the same peptides that were resynthesized and independently printed on the VF diagnostic arrays. This comparison demonstrates the higher performance of the 96 peptides in the context of the 10,000-peptide array.
DISCUSSION
Our objectives in this study were to determine if the immunosignature diagnostic method had the potential to address the clinical problem of detecting infection in patients with an IDCF titer of 0, and if so, what was the best array format. We first demonstrated that VF infection as assayed on the 10,000-peptide array has a distinct immunosignature relative to those of 2 bacterial and one other fungal infection. We then showed using a 70% training/30% test format that the 10,000-peptide array accurately discriminated samples from patients with VF from non-VF-infected patients and influenza vaccinees. A total of 1,586 peptides were statistically significantly different between the classes. A portion of the signature was from peptides that had less reactivity in the samples from patients with VF than in those from the noninfected controls. Ninety-six peptides from the 1,586 that had good signature performances in the context of the 10,000-peptide array were resynthesized and used to create a smaller VF diagnostic subarray. When tested against the VF infection and control samples, this array demonstrated increased sensitivity (100%) but poor specificity compared to that of the conventional IDCF assay. The individual statistical analysis of the 96 peptides demonstrated that all performed better in the context of the 10,000-peptide array than in the subarray format.
We previously published studies demonstrating that influenza virus infection in mice (25) and the influenza vaccine in humans (13) can be distinguished from normal controls by immunosignatures. Here, we extend this list, showing that the immunosignatures of two different species of bacteria and two fungi are distinct. Only 283 peptides of the 10,000-peptide array were required to simultaneously distinguish the 4 infections with Ͼ97% accuracy. The development of the immunosignature diagnostic method for clinical application will require further validation testing against a Ninety-six-peptide diagnostic array data were tested for performance on a blinded cohort of false-negative VF patients. b Performance using all possible patient samples, including test and training samples. c Performance using the training data set only.
other common agents of community-acquired pneumonias and infections causing flu-like symptoms.
As noted, for VF, a clinically important issue is the people who report symptoms caused by infection with VF and yet do not test as seropositive by the standard immunological tests, the patients with a CF titer of 0. Using the 10,000-peptide immunosignature array, we demonstrated that there were 1,586 peptides that were reproducibly different between the samples from patients with VF and those from patients without VF. The non-VF samples included ones from patients who had received the influenza vaccine as part of an effort to exclude influenza infection signatures. Noteworthy is that a large portion of this signature was composed of peptides that had lower signal in the VF infection samples than the noninfection samples. We have noted this phenomenon before (13, 19, 26) . This type of reactivity is not easily detected in standard ELISA-like methods. We pose that this may be due to the infection causing suppression or elimination of B cell-producing antibodies that are normally present in most healthy persons.
A reasonable strategy for developing immunosignatures is to use the large 10,000-peptide array as a discovery format and then produce subarrays with smaller numbers of peptides for the clinical diagnostic. The possible advantages of the smaller arrays are that they may be less expensive to manufacture, since fewer peptides are required, the peptides might be of higher quality, and the peptides may be simpler to read. To test this approach, we chose 96 peptides from the 1,586 peptides in the 10,000-peptide signature and pattern-matching analysis between the disease and nondisease groups. Forty-eight peptides were chosen that were consistently high in VF infection samples but low in influenza vaccine samples, and 48 were chosen with the converse signature. From a practical perspective, 96 is convenient, as it is the basic unit used in peptide synthesis and is prevalent in fluidics chambers, gaskets, and robotics. The peptides were selected based on their consistent signal over all titers, even in the samples with a CF titer of 0 (false negatives). We did not determine whether signatures that distinguish the titers can be selected to monitor VF progression, since there were too few matched longitudinal patient samples. The implication, however, is that the antibody reactivity that these peptides measure is independent of that measured in the ID assay.
This VF diagnostic subarray was tested in a blinded test against the VF infection and noninfection samples. The infection samples included the samples with a CF titer of 0. While this subarray was significantly more sensitive than the IDCF assay, it was less specific. This increase in sensitivity but loss of specificity was evident in the samples with a CF titer of 0. The implication is that this subarray at least needs to be used in combination with the standard ID assay to obtain maximum specificity and sensitivity.
Interestingly, the performance of the subarray was poorer than calculated from the statistical precision of each peptide independently. The probes along the x axis are sorted by the calculated power, thus forming a smooth curve. Delta was calculated using ␣ as 1/number of peptides/microarray, ␤ of 0.20, and n of number of patients per group. The vertical bars (y axis) represent the log 2 ratio between the healthy and VF-infected patients, with red bars indicating a peptide selected to predict VF and blue bars representing peptides selected for detection of non-VF conditions. The red circles on top of certain bars specify statistically significant fold changes at a P value of Ͻ0.01. The peptides used were 10,440 random peptides (training data set) using VF and healthy controls (A), 96 VF predictor peptides (training data set) within the 10,000 microarray (B), 96 resynthesized VF predictor peptides (training data set) for the VF-diagnostic assay (C), and 96 resynthesized VF predictor peptides (test data set) for the VF-diagnostic assay (D).
that of the 10,000-peptide array. This may in part be due to the selection criteria for the 96 peptides, which were positive for influenza vaccine recipients only. The peptides selected against a wider assortment of non-VF infection samples might perform better. It may also be that the additional peptides on the 10,000-peptide array distribute the antibody response to infection with a finer resolution, enabling high sensitivity and specificity. The 10,000-peptide format may have the advantage of being used to discriminate multiple infections on the same platform, a true test of specificity for any diagnostic method. We have demonstrated that the immunosignature platform has clinical diagnostic potential relative to VF infection. It can address the clinical problem of the infections producing a CF titer of 0, either in the 10,000-peptide format or the subarray format in combination with the standard ID assay. There are ϳ50 million people in the regions endemic for VF, with an estimated 30% being exposed over time to the infectious agent. However, since most people have little, if any, symptoms, it is unlikely that a diagnostic would be used generally to screen for VF infection. There is an existing standard antifungal treatment (fluconazole) and a new one in development (Nikkomycin Z). An improved diagnostic can at least identify symptomatic patients more accurately as having VF and may allow more effective use of treatments rapidly following the onset of symptoms and diagnosis.
